State of charge (SOC) plays a significant role in the battery management system (BMS), since it can contribute to the establishment of energy management for electric vehicles. Unfortunately, SOC cannot be measured directly. Various single Kalman filters, however, are capable of estimating SOC. Under different working conditions, the SOC estimation error will increase because the battery parameters cannot be estimated in real time. In order to obtain a more accurate and applicable SOC estimation than that of a single Kalman filter under different driving conditions and temperatures, a second-order resistor capacitor (RC) equivalent circuit model (ECM) of a battery was established in this paper. Thereafter, a dual filter, i.e., an unscented Kalman filter-extended Kalman filter (UKF-EKF) was developed. With the EKF updating battery parameters and the UKF estimating the SOC, UKF-EKF has the ability to identify parameters and predict the SOC of the battery simultaneously. The dual filter was verified under two different driving conditions and three different temperatures, and the results showed that the dual filter has an improvement on SOC estimation.
2 of 14 ( iii) The improvements in computer computing ability are helpful in the popularization and application of machine learning (ML). Some ML algorithms, such as neural networks (NN) [2, 3] , extreme learning machines (EXL) [4, 5] , and support vector machines (SVM) [6] , only need to train some input parameters, such as terminal voltage, operating current, resistance, and the temperatures of LIBs during working, to predict SOC. However, because of the constraints of sample training and the large amounts of computation required, it is difficult to meet the requirements of BMS to predict SOC at this time.
(iv) Based on an electrical equivalent circuit model (ECCM), some advanced Kalman filter (KF) methods, like the extended Kalman filter (EKF) [7, 8] , the unscented Kalman filter (UKF), [9] and the cubature Kalman filter (CKF), [10] have demonstrated their abilities to accurately predict SOC. Moreover, in order to deal with the uncertainties of system noise in SOC estimation, some Kalman filters improved by adaptive algorithms, such as the adaptive extended Kalman filter (AEKF) [11] , the adaptive unscented Kalman filter (AUKF), [12] and the adaptive cubature Kalman filter (ACKF) [13] , have been used to improve the estimation accuracy of SOC. Nevertheless, the resistances of lithium batteries vary in different working conditions and temperatures, which are neglected when the SOC is estimated by a single Kalman filter. As a consequence, the estimation error of SOC will increase. It is a common approach to identify battery parameters by the hybrid pulse power characteristic (HPPC) offline test, but the accuracy of this method is not guaranteed, and it does consume a lot of time.
In order to resolve the aforementioned shortcomings of the single Kalman filter, many scholars have proposed joint estimation methods to simultaneously achieve SOC estimation and battery parameter identification online. Xiong et al. [14] proposed a joint estimator to predict SOC and state of power (SOP) capabilities, with recursive least squares (RLS) successfully updating battery parameters and the AEKF achieving the estimation of the SOC and power capacity. Wei et al. [15] compared three methods-the dual extended Kalman filter (DEKF), the recursive least squares-extended Kalman filter (RLS-EKF), and the noise compensating EKF (NC-EKF)-for battery parameter identification and SOC online estimation. All of them had high accuracy for SOC estimation and parameter identification under low noise interference, but as the unknown interference increased, they showed their own weaknesses in calculating cost, number of parameters to be adjusted, and robustness of estimation. These SOC estimators are only based on the first-order RC ECM, and RLS is not suitable for estimating nonlinear systems. EKF also suffers from low SOC estimation accuracy for abandoning higher order. The establishment of UKF-EKF by Zhang et al. [1] has a good ability to predict the SOC and the parameters of the battery pack, but its stability has not been verified at different temperatures.
In fact, in addition to the unknown noise at work, the estimation of the SOC and identification of the parameters of the battery are usually influenced by ambient temperature, which is reflected in the changes of the OCV-SOC function relationship and the battery's internal resistance. In order to realize SOC estimation and online parameter identification of the battery simultaneously, this paper proposes a second-order RC ECM of the battery, and a joint estimation model, i.e., the UKF-EKF is structured. The UKF is used to predict the SOC, which solves the shortcomings of insufficient accuracy of the EKF's SOC estimation, while the EKF updates the battery parameters, which further enhances the accuracy of the SOC estimation.
Battery of the Equivalent Circuit Model
The successful application of the Kalman filter in SOC estimation depends on the accurate model of the battery. Many studies [16] [17] [18] have shown that the ECM can be successfully used in SOC estimation because it can accurately reflect the physical and chemical changes of the battery, and the computing cost is low, which conforms to the requirements of a BMS. Considering the accuracy and computational complexity of the battery model, a second-order ECM is selected and plotted in Figure 1 . I is the working current, which is positive when discharging and negative when charging. R0 represents ohmic resistance. RP1 and CP1 are resistance and capacitance of electrochemical polarization, respectively, while RP2 and CP2 represent the resistance and capacitance of concentration polarization, respectively. Uocv and Uout are open-circuit voltage and terminal voltage, respectively. VP1 and VP2 are polarization voltage, and the state equation of the battery can be expressed by Equation (1):
Dual Kalman Filter Design
In order to overcome the disadvantages of the traditional single unscented Kalman filter, which regards internal resistance as a constant, it is an advisable method to apply the dual Kalman filter in the joint online estimation of battery parameters and SOC. The UKF-EKF consists of two running parallel KFs, i.e., EKF is employed in the identification of battery parameters, while UKF is applied to SOC estimation.
The SOC can be expressed by the following formula:
where SOC0 is the initial SOC, and Cp and i(t) represent the rated capacity of the batteries and current, respectively. Combine Equations (1) and (2) , and a new equation of state with battery parameters can be obtained.
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where the state vector Xk = [SOCk VP1,k VP2,k] T , τ1 = RP1CP1，τP2 = RP2CP2, and τP1 and τP2 are time constants in ECM. OCV can be obtained by fitting the relationship with SOC. w I is the working current, which is positive when discharging and negative when charging. R 0 represents ohmic resistance. R P1 and C P1 are resistance and capacitance of electrochemical polarization, respectively, while R P2 and C P2 represent the resistance and capacitance of concentration polarization, respectively. U ocv and U out are open-circuit voltage and terminal voltage, respectively. V P1 and V P2 are polarization voltage, and the state equation of the battery can be expressed by Equation (1):
(1)
where SOC 0 is the initial SOC, and C p and i(t) represent the rated capacity of the batteries and current, respectively. Combine Equations (1) and (2), and a new equation of state with battery parameters can be obtained.
where the state vector
, and τ P1 and τ P2 are time constants in ECM. OCV can be obtained by fitting the relationship with SOC. w x k~N (0, Q x ) and w θ k N(0, Q θ ) are process noise for state and parameters, respectively, measurement noise is v k~N (0, R x ), and battery parameters are
To obtain a nonlinear system with state and parameters, Equations (3) and (4) can be rewritten as: 
where the control variable u k = I k .
The detailed steps of UKF-EKF are shown below, and the flow chart is shown in Figure 2 . , 
UKF time update Eq.(11)-
1 x k P − + , 1 x k P + + , x k P + 1k x + + , 1 k P θ − + , 1 k P θ + + 1k θ + + 1k x − + 1k θ − + k u 1 k u + 1 k y + UKF EKF Initialization Eq.(7) 0 x + 0,x P + 0 θ + 0, P θ + , k P θ + i=k+1 i=k+1 i=k i=k
Experimental Design
The dataset of the 18650 battery was collected from an experiment conducted by Zheng et al. [19] . Battery data profiles consist of incremental current OCV and dynamic test profiles. The first profile data can be used to obtain the relationship between OCV and SOC, and Figure 3 plots OCV-SOC in incremental current OCV at 0, 25, and 45 °C, corresponding to low temperature, room temperature, and high temperature, respectively. It can be seen that at different temperatures, the OCV-SOC curves are different, which indicates that the electrode characteristics of the battery are influenced by temperature, which will affect the SOC estimation. The function of dynamic test profiles is to verify the ability of the UKF-EKF to achieve SOC estimation and parameter identification under different temperatures. There are two battery test loading profiles, including the highway condition, Highway Driving Schedule (US06), and the urban condition, Beijing Dynamic Stress Test (BJDST) in Figure 4 . As can be seen from Figure 4 , the charging/discharging current under the US06 working condition is larger; in addition, this working condition is more complex than the BJDST. The prediction results under different working conditions are shown in Section 5; the detailed parameters of the battery are shown in Table 1 . (1) Initialization:
(2) Time update for battery parameters in EKF:
(3) Sigma sampling point and weight calculate for UKF:
where n is the state dimension of the battery. Λ = α 2 (n+k)-n, the function of α is to control the distribution of sampling points, and the parameter k usually guarantees that the variance matrix is semipositive definite. β is the non-negative weight coefficient; in this study, n = 3, α = 0.01, k = 0, β = 2. 
(5) Update measurement with posteriori estimation:
(6) Update measurement covariance:
(7) Calculate UKF gain matrix:
(8) State estimation and error covariance measurement update:
(9) EKF measurement update for battery parameters:
The Jacobian equation of battery parameters is as follows: where
The dataset of the 18650 battery was collected from an experiment conducted by Zheng et al. [19] . Battery data profiles consist of incremental current OCV and dynamic test profiles. The first profile data can be used to obtain the relationship between OCV and SOC, and Figure 3 plots OCV-SOC in incremental current OCV at 0, 25, and 45 • C, corresponding to low temperature, room temperature, and high temperature, respectively. It can be seen that at different temperatures, the OCV-SOC curves are different, which indicates that the electrode characteristics of the battery are influenced by temperature, which will affect the SOC estimation. The function of dynamic test profiles is to verify the ability of the UKF-EKF to achieve SOC estimation and parameter identification under different temperatures. There are two battery test loading profiles, including the highway condition, Highway Driving Schedule (US06), and the urban condition, Beijing Dynamic Stress Test (BJDST) in Figure 4 . As can be seen from Figure 4 , the charging/discharging current under the US06 working condition is larger; in addition, this working condition is more complex than the BJDST. The prediction results under different working conditions are shown in Section 5; the detailed parameters of the battery are shown in Table 1 . 
Results and Discussion
The estimation of SOC and the identification of battery parameters were verified under two working conditions (US06 and BJDST), at three different temperatures.
Results of US06
The results of US06 are plotted in Figures 5 and 6. Figure 5a ,c,e plots the voltage of the UKF-EKF and the real voltage at 0, 25, and 45 °C, respectively. Figure 5b ,d,f correspondingly compares online estimated voltage errors and offline estimated voltage errors at different temperatures; the online estimation is implemented by the UKF-EKF. Figure 6a ,c,e describes the results of SOC estimation between the UKF-EKF and UKF at 0, 25, and 45 °C, respectively. It should be noted that at various temperatures, the initial values of the real SOC are 0.8, but the initial values of the SOC for algorithms are 0.6. Figure 6b ,d,f shows the identification of R0 at different temperatures.
It can be seen from Figure 5 and Table According to Figure 6 and Table 2 , for the identification of R0 at 0 °C, the RMSEs of R0 for the UKF-EKF is 12.1 mΩ, and it is 5.6 mΩ at 25 °C, while the figure for RMSE of R0 at 45 °C is 7.9 mΩ.
In terms of the SOC estimation, it is clear that at 0 °C, the RMSEs of the SOC for the UKF-EKF and 
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Results of US06
The results of US06 are plotted in Figures 5 and 6. Figure 5a ,c,e plots the voltage of the UKF-EKF and the real voltage at 0, 25, and 45 • C, respectively. Figure 5b ,d,f correspondingly compares online estimated voltage errors and offline estimated voltage errors at different temperatures; the online estimation is implemented by the UKF-EKF. Figure 6a ,c,e describes the results of SOC estimation between the UKF-EKF and UKF at 0, 25, and 45 • C, respectively. It should be noted that at various temperatures, the initial values of the real SOC are 0.8, but the initial values of the SOC for algorithms are 0.6. Figure 6b ,d,f shows the identification of R 0 at different temperatures.
It can be seen from Figure 5 and Table 2 , in terms of voltage prediction, the root mean square errors (RMSEs) of voltage for online estimation and offline estimation at 0 • C are 17.6 and 34.1 mV, respectively, and they are 6.2 and 17.4 mV for online estimation and offline estimation at 25 • C, while the online and offline RMSEs are 16.9 and 23.3 mV at 45 • C, respectively.
According to Figure 6 and Table 2 , for the identification of R 0 at 0 • C, the RMSEs of R 0 for the UKF-EKF is 12.1 mΩ, and it is 5.6 mΩ at 25 • C, while the figure for RMSE of R 0 at 45 • C is 7.9 mΩ. In terms of the SOC estimation, it is clear that at 0 • C, the RMSEs of the SOC for the UKF-EKF and UKF are 1.00% and 2.12%, respectively, and at 25 • C, they are 0.76% and 1.72% for the UKF-EKF and UKF, respectively, while the figures for RMSEs of SOC for the UKF-EKF and UKF are 0.51% and 1.31% at 45 • C, respectively. and 1.31% at 45 °C, respectively.
The results show that the UKF-EKF, which can identify battery parameters online, has a better performance than the UKF in SOC estimation at different temperatures; in addition, the voltage errors of online estimation are smaller. It is clear that at 0 °C, the differences between estimations of the SOC and voltage become greater. Moreover, at 25 and 45 °C, the UKF-EKF has greater accuracy in estimating R0 than at 0 °C. The results show that the UKF-EKF, which can identify battery parameters online, has a better performance than the UKF in SOC estimation at different temperatures; in addition, the voltage errors of online estimation are smaller. It is clear that at 0 • C, the differences between estimations of the SOC and voltage become greater. Moreover, at 25 and 45 • C, the UKF-EKF has greater accuracy in estimating R 0 than at 0 • C.
Results of BJDST
The results of BJDST are plotted in Figures 7 and 8. Figure 7a ,c,e plots the voltage of the UKF-EKF and the real voltage at 0, 25, and 45 • C, respectively. Figure 7b ,d,f correspondingly compares online estimated voltage errors and offline estimated voltage errors at different temperatures; the online estimation is implemented by the UKF-EKF. Figure 8a ,c,e describes the results of the SOC estimation between the UKF-EKF and UKF at 0, 25, and 45 • C, respectively. It should be noted that at various temperatures, the initial values of the real SOC are 0.8, but the initial values of the SOC for the algorithms are 0.6. Figure 8b ,d,f shows the identification of R 0 at different temperatures.
It can be seen from Figure 7 and Table 3 , in terms of voltage prediction, the root mean square errors (RMSEs) of voltage for online estimation and offline estimation at 0 • C are 10.7 and 17.4 mV, respectively, and 5.8 and 9.1 mV for online estimation and offline estimation at 25 • C, while the online and offline RMSEs are 10.1 and 24.7 mV at 45 • C, respectively. According to Figure 8 and Table 3 , for the identification of R 0 at 0 • C, the RMSE of R 0 for the UKF-EKF is 7.3 mΩ, and it is 3.3 mΩ at 25 • C, while the figure for RMSE of R 0 at 45 • C is 6.1 mΩ. In terms of SOC estimation, it is clear that at 0 • C, the RMSEs of SOC for the UKF-EKF and UKF are 0.97% and 1.95%, respectively, and at 25 • C, they are 0.61% and 1.31% for the UKF-EKF and UKF, respectively, while the figures for RMSEs of SOC for the UKF-EKF and UKF are 0.82% and 1.75% at 45 • C, respectively.
The results showed that the UKF-EKF, which can identify battery parameters online, has a better performance than the UKF in SOC estimation at different temperatures, in addition to the voltage errors of online estimation being smaller. It is clear that at 0 • C, the differences in estimation of SOC and voltage become greater. Moreover, at 25 and 45 • C, the UKF-EKF has greater accuracy in estimating R 0 than at 0 • C. In summary, the UKF-EKF established in this study has an accurate and reliable ability to estimate the SOC and identify parameters of the battery at different temperatures and working conditions. As can be seen in Tables 2 and 3 , the errors of the SOC estimated by the UKF-EKF are within 1.00%, and the estimated errors of internal resistance are within 15 mΩ. In addition, with the ability to predict internal resistance in real time, the UKF-EKF can provide a better estimation of voltage, with the estimated errors of voltage within 20 mV. It is noted that at the same temperature, the predictions of the SOC, the parameters, and the voltage by the UKF-EKF in the BJDST are better than those in the US06, mainly because the load current under the US06 condition is more complex than that under the BJDST condition. Hence, the RMSEs of the SOC and voltage in the BJDST condition are smaller than the figures for the US06 condition. In addition, the more complex working conditions influence the estimations of internal resistance; thus, the identification of R 0 in the BJDST condition shows better results. According to the results, battery parameters are temperature-sensitive, because under the same working condition, the predictions of the SOC, voltage, and internal resistance are better at 25 and 45 • C. One of the reasons for this is that at low temperatures (0 • C), the battery model is not accurate enough, which can be reflected in the dynamic hysteresis of OCV in the OCV-SOC curves. At 25 • C, better results of voltage prediction are obtained with smaller errors of parameter estimation than those at 45 • C, which indicates that the accuracy of the battery model at high temperatures (45 • C) is lower than that at room temperature (25 • C). Therefore, compared with other temperatures, the battery model at room temperature is the least different from the real battery, which results in a better SOC estimation at room temperature. Although battery parameters change at different temperatures and in different working conditions, which affects the accuracy of the battery model, the UKF-EKF, with the ability to update battery parameters in real time, reduces external influences through self-correction, and obtains satisfactory SOC estimations.
Conclusions
SOC estimation is an important factor for BMS in EVs, as it can provide a basis for the energy management of EVs. In order to obtain an accurate SOC estimation under various conditions, a dual filter to estimate SOC was established.
(1) SOC estimation is greatly influenced by temperature and working conditions, which can be reflected by the differences in the OCV-SOC curves at different temperatures and the prediction results of the two working conditions.
(2) The second-order ECM proposed in this study shows its great performance, since it can accurately reflect the dynamic changes of batteries and the voltage errors of online and offline estimations are within 35 mV.
(3) The UKF-EKF, with its ability to identify battery parameters online, is an improvement on the UKF for SOC estimation, which can be verified in different working conditions (US06 and BJDST) and at different temperatures (0, 25, and 45 • C). Future work will be to verify the feasibility of SOC estimations of other types of batteries and their feasibility at a wider temperature range. 
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